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Vibrational spectroscopy such as Fourier-transform infrared (FTIR), has been used successfully 
for soil diagnosis owing to its low cost, minimal sample preparation, non-destructive nature, and 
reliable results. This study aimed at optimizing one of the essential settings during the acquisition of 
FTIR spectra (viz. Scans number) using the standardized moment distance index (SMDI) as a metric 
that could trap the fine points of the curve and extract optimal spectral fingerprints of the sample. 
Furthermore, it can be used successfully to assess the spectra resemblance. The study revealed that 
beyond 50 scans the similarity of the acquisitions has been remarkably improved. Subsequently, the 
effect of the number of scans on the predictive ability of partial least squares regression models for 
the estimation of five selected soil properties (i.e., soil pH in water, soil organic carbon, total nitrogen, 
cation exchange capacity and Olsen phosphorus) was assessed, and the results showed a general 
tendency in improving the correlation coefficient  (R2) as the number of scans increased from 10 to 80. 
In contrast, the cross-validation error RMSECV decreased with increasing scan number, reflecting an 
improvement of the predictive quality of the calibration models with an increasing number of scans.
Since the middle of the last century, Nelson et al.1 have shown good evidence that the rational use of agricultural 
soil analysis can contribute to better soil management. Soil analysis was initiated under the impetus of  Bray2 in 
the development of analytical procedures to quantify soil nutrient reserves. A few years later (1956), Fitts and 
 Nelson3 proposed to use soil analysis to suggest fertilization and liming practices, to predict the probability of 
economic response to fertilizers, to assess soil productivity and to improve soil productivity through amend-
ments or cropping practices.
Soil diagnosis is a very important task allowing the knowledge of its nature such as the particle size distribu-
tion, acidity, status of nutrient availability and others, which influence the soil productivity thereby controlling 
crop  productivity4. However, conventional soil analysis with a range of chemical methods is slow, labor intensive 
and expensive. But recent developments promise to greatly simplify soil diagnosis, to make it faster, cheaper and 
more suitable for routine analysis. This effort of simplification continues and is mostly based on the advent of 
dry chemistry applied especially to spectroscopy.
Over the last decades, infrared spectroscopy techniques have been used increasingly not only for identifying 
molecular bands, but as rapid diagnostic tools. Methods based on the absorbance/reflectance of infrared emis-
sions offer several advantages compared with conventional agrochemical ones, and soil spectroscopy has shown 
to be a fast, cost-effective, environmentally friendly, non-destructive, reproducible and repeatable analytical 
technique. Currently, the use of these technique has become a trend, especially with the encouragement of green 
chemistry tools for assessing various soil physical, chemical and biological  properties5.
The advances in instrumentation, i.e. the development of fast, low cost, reproducible and portable instruments 
available for infrared techniques (medium and near infrared) have opened new opportunities for researchers 
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to benefit of their capabilities, especially when combined with multivariate calibrations. The latter have shown 
to be powerful tools to develop quantitative and qualitative models in many fields including  soil6–10,  food11,12 
 pharmaceutics13 and  petroleum14–18 analysis.
The high-sensitivity infrared spectral techniques will in all cases produce a spectrum, but the quality (stability, 
repeatability, reproducibility, noise, etc.) of this acquisition can vary dependent on the operation settings. This is 
why care should be taken of the very fine tuning of its parameters, namely the resolution (the recording step of 
the spectra) and the scan number per sample which allows averaging several acquisitions in order to reduce the 
noise of measurement by recording the same signal repeatedly. Working with the optimal setup will undoubtedly 
improve the measurements stability and  repeatability19,20.
Almost in all research methodologies of infrared spectroscopic studies, the setting of scans number leading 
to an averaged spectra is done in a non-scientific manner, based on either experience of the operator or on the 
instrument supplier’s general  recommendation21–24. To improve this approach, the determination of the optimal 
number of scans requires the evaluation of the spectral stability. This can be done by the calculation of several 
metrics, viz., standard deviation of absorbencies of the MIR range, i.e., 4000–400  cm−1 25, moment distance 
index (MDI)26, and more.
To address this issue, we hypothesized that the use of the moment distance index (MDI) as a metric could 
provide valuable information on the similarity between repeated spectra taken on the same soil sample and 
under the same settings. This MDI should guarantee a stable spectral signature and subsequently a consistency 
in the prediction of the physico-chemical properties of soil  samples27. The objective of this work is to support 
efforts to establish quality control standards for spectral analysis using MDI to define (i) the optimal number of 
scans per replica, (ii) the number of replicates sufficient to obtain the best spectral stability and (iii) to evaluate 
the effect of variating the number of scans on soil property prediction.
Materials and methods
Soil samples and FTIR spectra acquisitions. Twelve oven-dried (at 39 °C for 48 h) and finely ground 
reference soil samples from the Wageningen Evaluating Programs for Analytical Laboratories (WEPAL) Neth-
erlands, representing three types of soils (i.e., sandy, clay and organic) were used for the optimization of the 
scan number setup. The spectra recording was conducted between 4000 and 600  cm−1 on a Bruker Tensor II 
bench-top spectrometer at the Soil Spectroscopy Laboratory (CESFRA) of the Mohammed VI Polytechnique 
University, Morocco. The resolution was 4  cm−1 and for each sample 50 spectra were recorded. The setup variable 
was the number of scans that would be averaged to get the final spectrum at 10, 20, 30, 40, 50, 60, 70, 80, 90 and 
100 scans, and five replications were recorded for each number acquisition (Fig. 1). In a second experiment, 40 
soil samples representing different Moroccan regions were used to assess the effect of the scan number on the 
accuracy of predictive models. The samples were conditioned in plastic flasks and stored in a desiccator cabinet 
from Nalge company (New York USA). All samples were finely ground and dried at 39 °C for 48 h before FTIR 
Figure 1.  Scheme of the workflow for building the database used for the optimization of the number of scans/
replica in FTIR analysis of the twelve reference soil samples.
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spectra collection, using again the Bruker Tensor II bench-top spectrometer between 4000 and 600  cm−1 with 
different number of scans per measurement, i.e., 10, 20, 40, 60 and 80.
Soil property measurements. Soil pH (1/5 in water), total organic carbon (TOC) (Sulfochromic oxida-
tion chemical method), total nitrogen (TN) Kjeldahl method, cation exchange capacity (CEC) hexamine-cobalt 
method, and available phosphorus (Olsen method) were analyzed in the Soil Testing Laboratory of the Agricul-
tural Innovation and Technology Transfer Center (AITTC-UM6P) following routine procedures as described in 
ISO 10390, ISO 14235, ISO 11261, NF ISO 23470, and ISO 11263, respectively.
Moment distance index computation. The Moment Distance (MD) is a matrix of distances computed 
from two reference locations (pivots) to each spectral point within the selected range. Suppose a reflectance 
curve is displayed in Cartesian coordinates with the abscissa displaying the wavelength ‘λ’ and the ordinate 
displaying the reflectance ‘ρ’ (Fig. 2); the subscript ‘LP’ refers to the left pivot (shorter wavelength) and ‘RP’ 
designates the right pivot (longer wavelength). Let λLP and λRP are the wavelength locations observed at the left 
and right pivots for a reflectance data, respectively, where left (right) indicates a shorter (longer) wavelength. The 
proposed MD approach can be described in a set of  equations26.
According to Salas et al.26, the first step is the calculation of the  MDLP and the  MDRP representing successively 
the moment distance from the left pivot and moment distance from the right pivot by applying the Eqs. (1) and 
(2). Then, the moment distance index of the selected part of the spectrum is the difference between the computed 
values of  MDRP and  MDLP Eq. (3).
SMDI is the standardized value of calculated MDIs with min(MDI) is the minimal MDI value calculated for 
the sample and max(MDI) is the maximal value Eq. (4). The standardized values of the index are calculated to 
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Figure 2.  Schematic diagram for MDI calculation for spectral reflectance curve (the number of points between 
LP and RP pivots can vary depending on the spectral resolution and the width of the selected range)26.
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Chemometrics analysis. Chemometrics is a part of analytical chemistry that uses mathematical modeling 
and computer tools to extract important information from analytical  data28. It is used to reduce data dimension 
and investigate the relationships between samples and  variables12,29.
Chemometrics tools are divided into two main categories, namely, unsupervised methods (i.e., Principal 
Components Analysis), which are used as exploratory methods and supervised methods, that are used for 
predictive  purposes30,31.
Figure 3.  FTIR spectra of the twelve reference soil samples (50 replicates/sample) in the Mid-infrared range 
(600 to 4000  cm−1).
Figure 4.  Calculated standardized moment distance index (SMDI) for all spectra of the twelve soils samples 
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Partial Least Square (PLS) regression is a supervised method and very widely used with spectroscopic  data32. 
PLS is the standard chemometric tool applied to perform calibrations and predictions. It models the relationship 
between two matrices, X (spectroscopic data) and Y (variable to be predicted) by finding linear combinations of 
X and Y matrices that are called latent variables (LVs)33.
In this study, the predictive models were built using the entire FTIR spectra measured on the soil samples (X 
matrix). In order to improve the predictive ability of the models, the 1st derivative preprocessing was  applied34. 
It is the simplest form of Savitzky-Golay derivatives in which each variable, corresponding to a given wavelength, 
is subtracted from its immediate neighboring variable to eliminate the common part of the signal. The “leave 
one out” cross validation  method35 was used as validation tool, which made it possible to calculate the figure of 
merit  (R2 and RMSECV) required to test the predictive quality of the PLS models.
Statistical criteria for assessing the quality of the PLSR models. To evaluate the performance of 
the PLS models, several figures of merit were tested including the cross-validation error or root mean squared 
error of cross-validation (RMSECV), and the correlation coefficient  R2 36,37.
Software and data processing. The calculations of the SMDIs were performed using free and open-
source software R-packages from the R Foundation for Statistical Computing whereas the set-up of the PLS 
models was done on OPUS Quant II 8.1 software from Bruker Optiks GmbH. The plotting of Figs. 5 and 6 was 
done using the Excel software from Microsoft 365.
Results and discussion
FTIR spectra. As shown in Fig. 3, the Mid-infrared spectra of soil samples can be divided into four parts, 
from 4000 to 2500  cm−1 which represents the fundamental vibrations generally caused by O–H, C–H, and N–H 
stretching, the triple bonds stretching vibrations from 2500 to 2000  cm−1, the region between 2000 and 1500  cm−1 
covering the double bonds vibrations, and the range between 1500 to 400  cm−1 representing the  fingerprint38. 
Given the complexity of the soil matrix, the spectra show several absorbances representing the different types 
of chemical bonds. The peaks around (3800–3600  cm−1) are linked to O–H stretching in clay  minerals39. The 
spectral signatures near to 3550  cm−1 are associated to the Al–OH vibrations which come from  kaolinite40. The 
bonds around 2500   cm−1 can be assigned to carbonate (calcite)41. The nitrile group (C–N) can be observed 
between 2200 and 2300  cm−1, and the principal bands in the 1500–2500  cm−1 region are ascribed to C=C and 
C=O  stretching38. The interpretation of peaks in the region below 1000  cm−1 is difficult since it characterizes the 
fingerprint of the mineral  compounds39.
Scan number optimization using the standardized moment distance index. The standardized 
moment distance index was used in this study as a metric that could detect the fine changes of the curve and 
extract the maximum similarity between the spectra of the same sample using the same acquisition setup (i.e. 
number of scans), and expressing the result in a single value for the whole spectrum. The obtained individual 
SMDI values are not of importance but rather their variation for the repetitions, as the target is to find a con-
Figure 5.  Variation of the correlation coefficients according to the number of scans fixed during the acquisition 
of the FTIR spectra of the forty soil samples.
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stancy of the SMDI values for the spectra taken with the same setting (scans number). The results (Fig. 4) showed 
that, on the one hand, the lower the number of scans, the more distance between repetitions is noticed. More 
precisely, below 50 scans the difference between the two extreme values of each setting is around 0.20 SMDI 
units, but above 50 scans this difference decreases continuously to about 0.02 SMDI units at 100 scans which 
represents the maximum number of scans conducted and which provides a very good recording stability. It can 
be concluded that compared to the reference value of SMDI at 100, the spectral similarity increases in all cases 
with more than 50 scans.
The twelve graphs in Fig. 4, representing the two contrasting soil types (organic and mineral) and the two 
extreme textures (sand and clay), all show the same conical pattern of the SMDI model distribution as a function 
of the number of scans. This lying funnel shape shows the largest opening on the left side and corresponds to the 
greatest disparity with respect to the reference SMDI of 100 scans. And they also all show a sill of convergence 
to the number of 100 scans to the right of the funnel. This funnel pattern for the 12 graphs shows a binary parti-
tion between a group of below 50 scans with widely dispersed SMDI values, and a group of above 50 scans with 
constant SMDI values approximating the SMDI values at 100 scans. When compared with similar studies in soil 
surveys using mid-infrared libraries, the 32 spectrum scans taken arbitrarily by Seybold et al.42 are not sufficient 
to converge to spectra stability. But the 60 scans acquired and averaged to produce a reflectance spectrum by 
Baldock et al.43 seem more adequate and stable when correlating to soil properties.
On the other hand, the present study was based on very contrasting soil types, viz. sandy soils, clay soils 
and organic soils to cover a wide variability to explore if these soil types behave the same or differently. But the 
results showed that the various soil types respond in the same way and the spectral similarity is always better 
beyond 50 scans.
Figure 6.  Variation of the root mean squared error of cross validation (RMSECV) for five selected soil 
properties according to the selected scan number setup of forty soil spectra acquisition.
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With respect to the quality control standards, this study tested two essential criteria in the field of soil spec-
troscopy, namely the repeatability (5 levels of repetition of the same number of scans for the same sample) and 
the reproducibility (4 samples of each soil type). The results have shown that the tested criteria (viz., repeat-
ability and reproducibility) become validated when the number of scans is more than 50. However, please note 
the outlier in the sandy soil 1, representing a repeatability problem which was probably due to the preheating 
conditions of the instrument, because this was the first sample to be analyzed during the experiment. This hap-
pened even though the preheating conditions required by the CESFRA Soil Spectroscopy Laboratory protocol 
(wait for 30 min after turning on the instrument) have been respected.
Effect of the scan number on the precision of predictive models. To better highlight the effect of 
the scan number on the predictive models, partial least squares regression was used to set up five calibrations 
for each soil property against the scan number viz. 10, 20, 40, 60 and 80 scans using a set of forty soil samples. 
A general increasing trend in the correlation coefficient  R2 was observed with the increasing scan number from 
10 to 80 for all the regression models (Fig. 5), whereas the opposite was observed for the cross-validation error 
RMSECV which decreased with increasing scan number from 10 to 80 (Fig. 6).
Moreover, the improvements of the PLSR models, indicated by the increasing correlation coefficients, signi-
fies an improved linearity between the real and predicted values and a lowering of prediction errors as shown 
in Figs. 5 and 6. The pH models were improved from  R2 = 0.84 and RMSECV = 0.326 with 10 scans to  R2 = 0.89 
and RMSECV = 0.250 with 80 scans; for TOC the predictive abilities of the PLS models were upgraded from 
 R2 = 0.67 and RMSECV = 0.652 with 10 to  R2 = 0.82 and RMSECV = 0.499 when working with 80 scans, and the 
same trend was noticed for the other properties. The improvement was even observed with samples that were 
considered outliers for Olsen P prediction (Fig. 7) due to the low number of scans (i.e., 10, 20, 40 and 60), whereas 
when working with 80 scans these samples participated in improving the calibration. These results explained 
the refinement of the spectral data which reflect the enhancement of its stability after increasing the number of 
scans used for the final spectra. Further on, the high predictive quality of the PLSR models calibrated based on 
the improved database  (R2 > 0.8 and low cross validation errors) was found even though the database contained 
only 40 samples, while according to the literature considerably larger databases are necessary for good  models44. 
The calibrated PLS models led to high correlations and low errors compared to similar models built on the basis 
of big databases, e.g., Sila et al.23 with 1904 soil samples, Seybold et al.42 with about 80,000 spectra, and Baldock 
et al.43 with 20495 samples. This confirms that not only the larger number but also the quality of acquisitions 
influence the quality of the regression models and may even mitigate the effect of using a smaller database.
Conclusions
In this study, we have shown that the scan number setting is an essential factor for improving the quality of FTIR 
spectra of soil samples. It also affected the PLSR model precision (correlation coefficient and prediction error) 
set up based on these soil spectra, as was shown for the prediction of five essential soil characteristics, namely 
soil pH, TOC, TN, CEC and Olsen P.
Figure 7.  PLSR models of the five properties of interest, e.g., soil pH, TOC, TN, CEC and Olsen P depending 
on the scan number when recording the forty FTIR spectra.
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In the first part of this work, it was shown that the standardized moment distance index can be successfully 
used to assess the spectra resemblance and the SMDI approach demonstrated that above 50 scans the similar-
ity of the acquisitions had been improved considerably, and the quality upgrading continued by increasing the 
number of scans. Afterward, five scan settings were studied to estimate (using the PLSR modeling algorithm) 
important soil properties (Viz., pH, TOC, TN, CEC and Olsen P), and the prediction results were compared. 
The  R2 and RMSECV were found to be important tools for assessing the predictive models’ quality, a general 
tendency in improving the correlation coefficient  R2 as the number of scans increased from 10 to 80 was noticed 
for all the regression models, whereas an opposite trend was noted by the cross-validation error RMSECV. Which 
indicates that the recorded spectra’s quality (stability and repeatability) was improved by increasing the number 
of scans, confirming the results obtained in the first part. In addition, this is the first known research to study 
the effect of the number of scans as a setup when recording the FTIR spectra on predictive models’ precision for 
the estimation of important soil health indicators.
The final finding of the present study, as the number of scans has a remarkable effect on spectral stability, 
represents an important parameter to be taken into consideration in addition to the economic and rapidity 
factors when recording FTIR spectra of soil samples for the set-up of predictive models in soil spectroscopy.
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